This paper introduces a statistical and other analysis of peer reviewers in order to approach their "quality" through some quantification measure, thereby leading to some quality metrics. Peer reviewer reports for the Journal of the Serbian Chemical Society are examined. The text of each report has first to be adapted to word counting software in order to avoid jargon inducing confusion when searching for the word frequency: e.g. C must be distinguished, depending if it means Carbon or Celsius, etc. Thus, every report has to be carefully "rewritten". Thereafter, the quantity, variety and distribution of words are examined in each report and compared to the whole set. Two separate months, according when reports came in, are distinguished to observe any possible hidden spurious effects. Coherence is found. An empirical distribution is searched for through * Associate Researcher a Zipf-Pareto rank-size law. It is observed that peer review reports are very far from usual texts in this respect. Deviations from the usual (first) Zipf's law are discussed. A theoretical suggestion for the "best (or worst) report" and by extension "good (or bad) reviewer", within this context, is provided from an entropy argument, through the concept of "distance to average" behavior. Another entropy-based measure also allows to measure the journal reviews (whence reviewers) for further comparison with other journals through their own reviewer reports.
Introduction
Peer review is posing many problems. How do behave reviewers? What characterizes good or bad reviewers, good or bad reviews, not only from technical or scientific points of view, but also considering its linguistic, form and content, features.
We dare to claim that the work of reviewers is often not appreciated enough, but it deserves much more attention as it enables: (i) proper valorization of new results, (ii) recognition of new versus already published results, (iii) recognition of unreliable and even false data, (iv) recognition of plagiarism and misconduct, (v) professional and public alert in the case of very good or very bad results, experimental design, ethical approach, etc.
Despite a variety of criticisms (Wager and Jefferson 2001) , the importance of the peer review process in maintaining and improving the quality of submissions has been widely acknowledged. More than 80 percent of surveyed academics agreed that journal peer review greatly helps scientific communication (PRC 2008) . Nevertheless, there appears to be little agreement about how to measure its quality and effectiveness.
Typical methods proposed in the literature include: (i) surveys among the editors or among the authors whose work had been reviewed (Justice 1998 , McNutt 1990 , van Rooyen et al. 1999 , (ii) measuring agreement among reviewers (Oxman 1991 , Strayhorn 1993 or between reviewers and editors (Callaham 1998) , (iii) measuring the number of errors that a review detected (Godlee et al. 1998 ) and finally (iv) measuring the speed of review (Jadad et al. 1998 , Feurer et al. 1994 , Neuhauser and Koran 1989 . The other group of methods assess the quality of reviews indirectly, by analysing the manuscripts undergoing evaluation, e.g. (v) comparing the manuscript quality before and after peer review (Goodman et al. 1994), or (vi) tracking the popularity of rejected (and published elsewhere) and accepted manuscripts (Siler et al. 2015) .
Among all feasible quantitative measures of reviews' (whence reviewers') quality, the most valuable are those based on objective criteria, e.g. on bibliometric indicators. On the other hand, measuring comprehensibility, soundness or informational content of a report can hardly be done without introducing a bias, due to individual opinions of the survey respondents (editors or authors) on how a good report should look like (Bornmann 2011) .
In the present paper, we would like to start a discussion on a possible measure that would allow to quantitatively and objectively assess the quality of the linguistic and informational content of a report.
We will start from a rather trivial and well-known fact that language requires a diversity of words to convey a wide range of information. Regarding reviews, one can think that reviewers which use many different words are those who deal with the manuscript from more different aspects than those who use "less rich" vocabulary. Maybe these reviewers make more effort to offer authors clearer explanations or even suggest a direction for correction. Moreover, the authors of work being evaluated often want that the referees use a larger, more precise, vocabulary to improve comprehension in view of removing ambiguities. On the other hand, long reports do not always (or necessarily) provide a large amount of information. They could just contain repetitive, rephrased statements. That is why only the length of a review is not a good measure of its informational content.
In this context, we would like to recall that Zipf (Zipf 1949) formulated an algorithm (the so-called Zipf's law) that allows the evaluation and quantification of deviation between diversity and redundancy of different texts. Zipf's law is based on the Principle of Least Effort, which proposes that there must be a balance between unification and diversity in a language, such that the number of elements should neither be so highly repetitive that the communication would be too simple, nor so heterogeneous that there would be too many possible combinations making communication unclear and convoluted.
Therefore, since an efficient review should be the one that expresses an appropriate balance between diversity and redundancy (neither too diverse nor too repetitive), we have applied Zipf's law to estimate the quality of reviews with respect to their informational content. Other metrics could be used (Ausloos 2012a, Ausloos 2012b, Darooneh and Shariati 2014 , Febres and Jaffe 2014 , Rodriguez et al. 2014 , Dubois 2014 ), but we restrict ourselves to the Zipf approach.
Zipf's law states that the frequency of a word in the text is inversely proportional to its rank in the frequency table (Hill 2004) . For example, the most frequent word is used twice as much as the second most frequent word and three times more often than the third most frequent word. Zipf's law is formally written
where P (r) is the frequency of occurrence of the r-th ranked item and the α parameter, which is usually close to 1, is estimated from the slope of the resulting straight line that the word data follows on a log-log scatter plot. A steeper line, α > 1 (a more negative slope), represents a smaller, more repetitive vocabulary that may be too restrictive to efficiently convey information in the text. On the other hand, a flatter line, α < 1, represents a more diverse vocabulary. The deviations of the exponent α values have been reported in many different contexts, e.g. in different forms of schizophrenia patients (Ferrer i Cancho 2006) and in children language (McCowan et al. 2002) , or in scientific texts (Fairthorne 1969 , Ausloos 2013 , Miskiewicz 2013 , Bougrine 2014 . Although, only a few papers are quoted here in order to pin point a few research aspects in the field, but many more exist, none seems to be devoted to the analysis of the aspect of peer-review intending to quantify the peer reviewer writings, in a simple way, at first, as this article proposes. Necessarily, conclusions are to be discussed, whence later on improved, as any of open stage papers.
At the moment we cannot tell how can certain numbers obtained by us for specific reports be scientifically interpreted, but it seems that this part of the peer-review process can be subjected to quantification. Yet, another aspect of peer-review quantification may emerge, as peer-reviewers, becoming aware that their reports are being "evaluated" along quantitative lines, may become more "serious" and/or "professional" when reviewing. Finally, in the light of the general quantifying trend in science, perhaps one day the quality of the peer-review activity may be evaluated and expressed by numbers. The paper is organized as follows:
In Section 2, the methodology is presented: (i) data acquisition, containing some information on the data origin (Section 2.1); (ii) demonstratoin that a necessary data refinement for adaptation to available word counting softwares (Section 2.2). Thereafter, a coherent data analysis of the various cases provided for the illustration, with the assessment of some rank-size rule fits, is performed in Section 3. It will be observed and emphasized that peer review reports are far from usual literary texts.
Section 4 is devoted to a subsequent analysis of the investigation: within this data and following such results, an attempt is made to differentiate reports from reviewers. This is also made, when possible, i.e. in a few cases, by searching for similarities about reviewers having written reports for different papers.
A thought on entropy consideration to measure reports and reviewers through some so called "distance" notion is presented in Sect. 5, in order to suggest some useful ("universal") metrics.
Section 6 allows us to conclude that each report definitely depends on the reviewer, but not especially on the paper content. We offer suggestions for further research lines.
Methodology

Data Acquisition
At first, it is recognized that it is not easy to obtain raw data, even if anonymity is strictly enforced! However, one sub-editor of a section of the Journal of the Serbian Chemical Society (JSCS) has provided us with about 100 among the latest reports arrived in the fall 2014, about papers submitted to the Biochemistry and Biotechnology section of the JSCS. In this data, the names of the referees have been anonymized and replaced by numbers, letters and symbols.
Two sets of reports have been examined: (i) for September and (ii) for October 2014. For September, ten reports R i , with i = 1, . . . , 10, were selected: the last 10 which arrived. They correspond to various reviewers (Q) and topics, and to six different papers (P ): paper P 1 was reviewed in R 1 , R 2 , and R 3 ; paper P 2 in R 4 ; paper P 3 in R 5 and R 6 ; paper P 4 in R 7 and R 8 ; paper P 5 in R 9 , and paper P 6 in R 10 .
Except for P 5 and P 6 having had one common reviewer (the fact that was not known at the beginning of the study), all others had different reviewers.
Ten other reports, R i , with i = 11, . . . , 20, were chosen for October 2014. This number was chosen to be equivalent to that of the first set for statistical purposes. The October selection was made out of 100 reports. Due to this large number of reviews, a word scale effect, with both longer and shorter reports, could also be searched for. Of course, longer reports were more intriguing:
we expected more reliable conclusions with "apparently more serious" peerreviewers, than shorter reports, usually mentioning a positive statement, like "paper to be accepted for publication (due to whatever reason).
Moreover in order to test a possible personal effect specific to reviewers, we added, from the October set, 2 more reviewers who performed reviews of 2 different papers. Those were selected on the initial observation that they were of interest because having a very large number of words. However, the truly two longest reviews, called R 0 and R 21 , were not selected at this level. Indeed, R 0 mainly contains a rather long list of 31 references which the reviewer wanted the authors to include. However, this long list does not bring much in terms of word statistics since it mainly contains titles of papers, thus with chemical compounds, and journal titles. The report also contains several remarks on spelling/grammar errors in the manuscript, thus often misprints, leading to the appearance of many single words, used once. However, the "long" R 21 has next been retained, because it appeared to pertain to the paper P 21 , whence could be compared to a shorter R 22 set of comments on this same paper, P 21 .
For broadening the discussion, three other reports are considered: R 31 , R 32 , and R 33 . Reports R 31 and R 32 refer to different papers, P 31 and P 32 , but have been reviewed by the same reviewer. Furthermore, a shorter R 33 has been added to the selection because it was about the paper P 33 , reviewed by the same reviewer who wrote R 11 for P 11 .
In summary, there are 10 cases for which a single report corresponds to a single paper; 4 cases in which a paper has been reviewed by a multiple set of reviewers; and 3 cases in which a submitted paper has been reviewed by different reviewers. Thus, 25 reviews (R j ) with 22 reviewers (Q k ) for 20 papers (P i ) are studied here.
We stress that authors and reviewers anonymity has been preserved throughout. We guarantee that, at first, there was no information used concerning the fact that a reviewer might have been the same for different papers. Only on the third stage of selection of reviews, when we added 5 papers, as emphasized here above, had this information been (necessarily) taken into account for the selection.
Secondly, the outcome of the reports, i.e. whether the assessed papers were accepted, rejected or whether a revision was suggested, was unknown at the beginning of the study. Since, at first glance, one can guess that accepted papers correspond to short reports, it is tempting to judge by the report length only whether the reviewer's attitude is positive or negative. However, if the paper is nonsense or it has been already published by the same or other authors, then short negative reports are also probable. This fact also favors a quantification analysis approach based on the distribution of words, as the number of words itself is not sufficient to evaluate reviewers.
It is also worth to mention that, for JSCS, all reviewers are chosen according to their expertise, i.e. they are picked up from SCOPUS database as professionals (experts) in a topic of the submitted manuscript. In this respect, it is unlikely that short reports and small number of words are attributed to insufficient knowledge of chemistry by reviewers.
In summary, in the presented analysis neither the fate of the paper has been considered, nor the conclusive recommendation by the reviewer. In these respects, we can consider that our study was a "blind one", unbiased.
Data Refinement
In order to count the number of words for distinguishing reports and hopefully reviewer behaviors, some slight modification of the report had to be made in order to adapt the review containing technical jargon for available word counting softwares. An important technical point has to be first mentioned: the algorithm does not recognize greek or cyrillic letters, subscripts, digits nor indices, e.g. T m is equivalent to T m ; the lowercase letters are equivalent to capital letters; the mathematical and grammatical symbols, like "-" , "+", " ' ", "&", or "/" are replaced by blanks.
Since the greek letters α, β, and µ do represent some information about a chemical compound, (e.g., α-sheet; β-helix), these letters must be considered as words, rather than as a letter. The same holds for k which might be for kilo, but corresponds also to a chemical element Potassium, but can also mean Kelvin, or for C which can refer to Carbon or Celsius or a "constant"; or m, an abbreviation for some unit (milli). Also a chemical unit mU must be distinguished from the greek letter µ which could also mean micro when some unit is mentioned. All reports have been adapted to take into account such considerations. Others can be briefly listed and justified: for example,
• the greek letters α, β, µ have been replaced by alpha, beta, mu;
• kJ (and similar units) have been kept as specific words, when there is no ambiguity;
• it has been checked whether c (or C) is Carbon or Celsius or a "constant" or some specific symbol for a chemical species, and appropriately rewritten;
• it has been checked whether a (or A) is an article or some specific symbol for a chemical species;
• and whether K is Kelvin or Potassium, i.e. the K for Kelvin has been kept, but K for Potassium was replaced by "Potassium";
• an identification was made between Pb and Lead; to be distinguished from the verb "to lead";
• dash (−) presence was carefully checked, in order to replace the words by a single one when appropriate: e.g., co − administration has been replaced by "coadministration", also in order to avoid a misinterpretation of co with Cobalt (Co);
• chemical compounds like Vitamin C (or Vitamin A) became V itaminC or V itaminA; rGST-Mus became RGSTMus; yet, V P A − Induced are two words V P A and induced, but DT − diaphorase is only one word DT diaphorase;
• ionisation-mass spectrometry has been kept as a word set: ionisation mass spectrometry;
• a P for "Peak" was distinguished from "Phosphorus" or p. for a page number;
• "don t" has been replaced by donot, in order to avoid confusion with T , the temperature; idem for didn t and doesn t which read didnot and doesnot, to keep each of those as the reviewer apparently wishes, i.e. a single word;
• cyrillic letters have been arbitrarily simplified to read like in English alphabet -usually for author's names;
• when authors have complex names "El Alali" or "Gustin-Schwartz" they have been concatenated and have been rewritten as ElAlali or GustinSchwartz;
• initials of names have been attached to the names in order to avoid confusion with chemical compounds sometimes; the names and initials of authors have been kept in the order given by the reviewer, since he/she wishes so, in some sense; for example MDGardiner differs from GardinerMD (although it should be DMGardiner); this concatenation applies to references in the bibliography list as well;
• the words et al. have been forcefully replaced by etal, in order to avoid confusion with Al for Aluminum;
• the numbers referring to Tables (I, II, ...) have been replaced by their arabic numeral, 1, 2, ... in order not to confuse the Table number with the letter I;
• misprints have been kept, including those in comments by reviewers pointing misprints by (and to) authors;
• the name of journals has been concatenated since they refer to a given unit; otherwise "of" and "Journal" would appear very often, without any useful meaning for the word counting;
• references to http : //... websites were deleted.
Other examples of technical points can be quickly mentioned. Abbreviations have been kept as in the original reviewer report; e.g. ref is one word, different from ref erence. Both Edaravone and EDA are different words, though the same compound. Special confusions could be seen to occur in other cases: (i) a zeolite was called "zeolite A"; this has been called zeoliteA to avoid over-counting the "a" as an article (3 times in R 10 ); (ii) a t − test is once mentioned (in R 5 ); it has been considered to be two words, this t has been included as a tee for not representing T as the temperature.
Nevertheless, such possible confusions or ambiguities (and maybe others which have been overlooked) can be considered as minute effects on the overall analysis, discussion, and conclusions. Yet, this cumbersome time consuming task insures more confidence in the following data analysis. Table 1 contains the counting of words in the Sept. and Oct. 2014 reports (R i ) by reviewers ranked in decreasing order of the total number of words T W so used; the number of different words, DW , is also given. Observe the inversion Table 4 : Power law fit parameter, Eq.(4.1), for the 20 reports (R i ) by reviewers, ranked according to the total number of words (TW with size S i ) respectively for the Sept. and Oct. samples. The last line corresponds to the concatenation of ten reports, becoming R 1−10 and R 11−20 , respectively.
Data Analysis
of R 1 and R 6 , as well as R 4 , R 7 , and R 8 , between the two Sept. lists. A similar shuffling is found for the Oct. lists, with R 13 , R 16 , and R 14 . Observe the position of R 15 for which the DW/T W ratio is the largest. Such a reviewer though not writing a long report has a wide variety of words to express his/her view. There is apparently no simple relationship between the T W and DW used by a reviewer. There is a large variety of report (or reviewer) types from the T W and DW point of view. It seems that T W and DW depend specifically on reviewers, on their vocabulary, and maybe on their willingness to spend some time of peer-reviewing. Notice from the Sept. data, that it appears that both very long and very short reports can be received for the same paper, with either very detailed or very modest explanations and comments, thereby hinting us to quantify reviewer behavior, through word count at first.
The respective rank-size relationships for T W and DW is shown in Fig. 1 and Fig. 2 for the Sept. cases, searching whether the empirical law is either a power law or an exponential. From a regression coefficient R 2 values, it appears that DW is better represented by a power law (R About the results in Table 1 , one could induce that a good report made by a good reviewer should contain many words, and many meaningful words. Thus if one plots T W vs. DW , one should conclude that R 2 is "the best", and R 9 "the worst". However, one could argue that the ratio DW/T W is more meaningful, the larger the better, since only meaningful words should then be reported; whence R 8 becomes "the best", and R 5 "the worst". On the other hand, maybe one should be concerned with some sort of two dimensional measure with the carefully chosen wages scaling the importance of both dimensions DW and T W . In Section 4, we propose a measure exploiting Zipf's law which seems to be an adequate way to tackle this problem.
For completeness, a summary of the statistical characteristics for the distribution of the number of words for each report R i is given in Table 2 and Table  3 . Observe that the skewness and kurtosis are both always positive, indicating the existence of a large number of rare terms.
Reports and reviewers. A discussion
First, let it be re-mentioned that Zipf (Zipf 1949) observed that a large number of size distributions, S r can be approximated by a simple scaling (power) law S r = S 1 /r, where r is the ranking (integer) parameter, with S r ≥ S r+1 , (and obviously r < r + 1). A more flexible equation, with two parameters, reading
is called the rank-size scaling law and has been often applied to many "sizes" of "things" (Hill 2004 , Cristelli et al. 2012 ). The particular (Zipf) case α = 1 is thought to represent a desirable situation, in which forces of concentration balance those of decentralization, what in our study means an appropriate balance between diversity and redundancy in reviewers reports. Such a case, called the rank-size rule, has been frequently identified and sufficiently discussed elsewhere (Lin 2010 , McKean et al. 2009 , Wieder 2009 , Wolfe 2009 , Wolfe 2010 ) to allow us to base much of the present investigation on such a simple law. In this context, let us consider the 10 September reports, the 10 October reports, and the reports specially added to the investigation, successively.
September reports
Thus, let us display the number of different words used in each report R i , from R 1 to R 10 , and in the overall set R 1−10 , as a function of their specific rank in each case, on a log-log plot, Fig. 3 . The fit parameter values for the power law are found in Table 4 , with their standard error bars.
Observe that 80 words are very frequent; occurring more than 10 times; thus likely in all reports. The high rank words are likely specific to each report pertaining (most likely) to a few (most likely, bis) different, papers.
The α values of the R i rank from 0.56 till 0.78, with a mean µ ∼ 0.654, itself slightly above the median (∼ 0.643); see Fig. 4 . It should be obvious from such values that report by reviewers are far from classical texts; in these, the α exponent is usually close to 1 indeed.
Several other points are remarkable:
• R 5 is (very) anomalous; it has a weak R 2 0.90, due to a marked shoulder near r ∼ 6, see Fig. 3 , but its α ∼ 0.62 is close to the average;
• the correlation coefficient for R 9 is far from being considered large, but this report contains very few words;
• the largest α corresponds to the "all Sept. reports" case, R 1−10 ; it is known that the highest α of a sum of power laws is dragged by the highest α of the set, here R 2 ;
• although the statistics is only based on ten reports, one can recognize a two peak distribution of α values: one below 0.6, the other at 0.7 (Fig.4) .
• quite interestingly, it appears that reports R 9 and R 10 are characterized quasi by the same exponent ∼ 0.56. Recall that this observation led us to inquire from the editor about whether they were due to the same reviewer! It is! By the way, the papers were rejected.
October reports
In Fig.5 , a log-log plot of the number of different words used in reports R 11 to R 20 , together with the overall number, R 11−20 , as a function of their rank is shown. The fit parameter values for the power law are found in Table 4 . The overall set of reports, R 11−20 , is markedly well represented by a power law with a very high R 2 . At first sight, it appears that the reports can be positioned in two groups, basically according to the distribution of words around the straight line fit on a log-log plot. Also, R 13 , R 19 , and R 20 weakly deviate from the hyperbolic ranksize relationship. R 19 and R 20 have "not many" words as the other reports; R 13 is an intermediary case in that sense. In these three cases, α ∼ 0.75. The above also indicates that the statistics is better when the text is longer.
However in several reports the word frequency distributions only weakly agree with a power law fit. In particular, two kinds of effects can be observed: a King with Vice-Roy effect (when the low rank data are much above the fitted line) and a Queen with harem effect (when the rare words, often referring to misprints, are too abundant) (Laherrere and Sornette 1998, Ausloos 2013 . In that cases, a Zipf-Mandelbrot fit (Fairthorne 1969) , i.e. a 3-parameter natural generalization of a 2-parameter Zipf's law, would be more appropriate. Its interest falls outside the framework of our paper and is not here examined further. The King-ViceRoy cases are R 11 , R 15 , and R 17 ; note that R 11 and R 17 , have the largest α exponent (∼ 0.8) and a large number of words. The Queen-Harem effect is more marked in R 12 , R 14 , R 16 , R 18 ; notice that this is the set of reports having a lesser amount of words than the previous reviews. This exponent α ∼ 0.7 is in the lower part of the range interval.
These effects (deviations from Zipf's mere power law) are much tied to the behavior at low rank where the usual (most common) English words appear; the highest ranks pertaining to rare words are often mentions of misprints. Nevertheless, their presence indicates that the reviewer has seriously read the submitted paper. This confirms the interest of a word counting analysis beside the Zipf's line of approach.
Comparing reports by the same reviewer on different papers
Comparing reports by the same reviewer on different papers is not an easy matter, because it is a rather rare event. Nevertheless, 3 cases occur in our data set. Thus, a comparison of the Zipf power law exponent for three reviewers (Q 1 ≡ N, Q 2 ≡ E, and Q 3 ≡ C) each having reviewed two (different) papers: R 31 and R 32 , R 11 and R 33 , and R 21 and R 22 , respectively, is made on Fig. 6 . The α exponents are remarkably different for the three reviewers, but are very close to each other, whatever the report. Thus, a marked identification can be apparently made of the reviewer according to his/her α exponent.
Comparing reports on the same paper by different reviewers
Moreover, for completeness, we can compare reports on the same paper by different reviewers. The Zipf power law exponents for different reviewers for the 4 indicated papers (P 1 through R 1 , R 2 , and R 3 ; P 3 through R 5 and R 6 ; P 4 through R 7 and R 8 ; P 11 through R 11 and R 33 ) are shown on Fig. 7 . In contrast to Sect.4.3 and Fig. 6 a distinction of reviewers can hardly be made in this case, due to the grouping of α values on a short range interval.. 
Entropy connection
Recall that the exponent α is considered to be a characteristic measure of the text content (and reviewer, by extension). Its distribution for the 20 presently examined reports emphasizes a peak at 0.75 or so, but also the possibility of a multi modal structure ! The distribution of α exponents is best studied through a normalization condition which allows to define the "probability" for finding a certain "α-state", i.e. a rank-size occurrence. Going further, one can imagine to have access to the probability of a certain type of report (R j ) by a reviewer (Q k ), at a certain rank or α value, through
where j M is the number of reports.
In presence of a large number of data points, a formula like
where N (α i ) can be considered as the density of α i in some i interval, can be equally interesting. Consider the 20 reports recorded in Table 4 . Each p(α j ) can be easily obtained from Eq.(5.1). Thereafter, one can obtain something which looks like a contribution to a Shannon information entropy (Shannon 1948 (Shannon , 1951 for a given report j,
3)
Report ranking relative distances
To estimate the validity of an empirical distribution, it is practical to compare each (H j ) measure to their related maximum disorder number, i.e. ln(N j ), where N j is the number of different words (DW, or number of data points) found in the R j report (see values in Table 1 ). This technique allows to "measure" some information content of a report R j (by a reviewer Q k ). Thereafter, we define the relative "distance" (of a report j) to the maximum entropy (full disorder) as
In order to rank the reports "in a thermodynamic or information content" sense, with respect to an average report, one can define the average report entropy for a set of j M reports aŝ
Thereafter, the "distances" with respect to the average report can be defined as the distance between the two entropieŝ
where N is the total number of different words found in the set of j M reports. Fig. 8 shows the ranking of the distances, as a function of their rank. The distribution of "distances" is seen to be far from trivial. In particular, a shoulder is observed between two well marked bumps. This is indicating an interesting output of the investigation . Therefore, a distinction can again be made between two sets of reports, as shown by a simple fit (a quadratic law) to the low rank and high rank cases, respectively. It may be debated, in further work, whether the intermediate set is in fact to be considered as a third set, or results from the other two.
Report ranking distance to journal editorial standard
Another measure can be proposed from
where the value α (Σ) corresponds to the exponent relevant to the whole set of reports, thus to a virtual reviewer, in some sense characterizing the reviewers tied to the journal by the editors. Similarly to Eq. (5.6), let
with N ≡ N Σ = 1996, leading to a set of d
0.123. The "final results" for the 10 September and for the 10 October reports are given in Table 5 and Table 6 respectively. As could be expected, if the set of reviewers is rather homogeneous in behavior, the relative quantities follow a ranking similar to what is expected through the Zipf's law analysis. However, thed j and d (Σ) j values are not so coherent: the orders of magnitude differ, due to a different order of magnitude in the number of words, but also the different signs indicate different classes of reports (or reviewers).
In fine, we stress that the interpretation of these two distances is different: d j measures a distance between reports, but d (Σ) j pertains to a "more general" measure, with respect to a virtual (average) reviewer characterizing this journal. From the latter, different journals could be compared.
Conclusions
This conclusion section, beside summarizing our findings and their possible limits, allows us to offer a few suggestions for further research lines. To the best of our knowledge, this seems to be the first time that one quantifies reviewers through their report linguistic content. Next, a few findings are likely to be robust, others seem to be reliable. This is encouraging because it suggests the feasibility of using simple quantitative measures to characterize various aspects related to the quality of reviews and reviewers. This opens the door toward developing complementary tools of automatic evaluations in parallel to peer review.
In summary, this paper provides a statistical analysis of 25 reviewer reports for the biochemistry section of respected chemistry journal JSCS (e.g., impact factor= 0.912 in 2012). Each report has been analyzed with respect to its word content, along the first Zipf's law idea (Zipf 1949 ).
• It has been shown that the total number of words (TW) and of different words (DW) depend entirely on reviewers, on their vocabulary, whence likely on their willingness to spend time on the peer-review process.
• It is proven that a power law is appealing in describing the size-rank relationship. However, due to the value range of the Zipf exponent, such reports are found to be very different from usual texts by novelists (Darooneh and Shariati, 2014).
• From the Zipf exponent range, it seems that there are two classes of reports.
• It has been observed that the Zipf exponent seems to characterize a specific reviewer, -though the statistics could be refined.
• It is argued that one can compare reports (and maybe reviewers) between themselves through the concept of distance to randomness, basing our analysis on the thermodynamic entropy context, equivalent to the Shannon information entropy.
• It is argued that one can qualify reports (and maybe reviewers) with respect to journal standards, due to the choice of reviewers, through a similar concept of distance to randomness.
Can we finally decide whether the Zipf exponent characterizes the reviewer more than his/her specific report ? Aware of possibly to be raised "ambiguities" after our findings, it can be considered that many questions, thus suggestions for further work, follow. It can be recommended that
• more discussion can involve the acceptance/rejection effect of papers; one approach could be based on correlations through quantified "linguistic aspects"; it is of common knowledge that rejected papers can contain quite sharp language
• the statistics can be improved. However this demands much work, since every report must be reviewed for technical purposes as shown in the main text;
• the largest exponents might be correlated to the length (or the number of words) of the report.
Several other lines for further investigations can be imagined to arise (mainly) from restrictions at the start of the data acquisition process. It is suggested that
• more samples, -in order to reduce the error bars
• other sub fields of chemistry and in other scientific fields, -in order to test some universality, if any
• other journals, -in order to test some universality, if any
• other quantifying techniques, could be examined. Last but not least, an approach on the peer review dynamics is of interest, i.e., on the willingness of reviewers to spend time on such peer-review reports, when asked. Finding a hierarchy of reviewers within the present aim of paying reviewers is certainly worthwhile to be examined.
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Appendix A. Data analysis of unmanipulated reports
In this Appendix, the data analysis of the 10 Sept. reports, without any data manipulation, i.e. without in any way modifying the reports for their word content, is reported. It is shown in Table 8 that the power law exponent appears to be 0.781 ± 0.004, with regression coefficient R 2 ∈ 0.989, for the R 2 report. For R 4 , R 5 , and R 6 , the power law exponent appears to be 0.70±0.01, with their regression coefficient R 2 ∈ 0.966, 0.938, but the other exponents evenly spread on 0.423 till 0.683.
It was observed that R 2 , R 5 and R 6 are among the top three longest reports. Thus should be less sensitive to "slight" data modifications.
In fact, this Table, through the found α values, is proving that for short reports one has to be much concerned by the vocabulary; whence one has to distinguish the meaning of (short) words (like "a", "c", "k").
In conclusion, it is highly meaningful to "adapt" (= rewrite) the reports. The bad thing is that life is not simplified from a scientific point of view since it takes time to rewrite reports in a useful way. Table 8 : Power law fit parameter, Eq.(4.1), for the 10 Sept. "unmanipulated" reports R i .
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